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(54) A recommender system with ad-hoc, dynamic model composition

(57) One embodiment of the present invention pro-
vides recommender system for generating a recommen-
dation of an item by combining a set of utility models
adaptively to facilitate a decision-making process. The
system includes a utility model database (260) containing
the set of utility models and a query module (210) for
receiving at least one query about the item from a que-
rying entity. The system also includes a rule engine (230)
to specify a subset of utility models to be applied to the

item and to specify a weight function of the specified utility
models. Further included in the system is a set generator
(240) coupled to the utility model database (260), the
query module (210), and the rule engine (230). The set
generator (240) computes a set of ratings by applying
each of the utility model in the subset to the item and
generates an overall rating for the item based on the
weight function. The system further includes a commu-
nication module (280) to return the overall rating.
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Description

BACKGROUND

Field of the Invention

[0001] The present disclosure relates to a recom-
mender system. More specifically, the present disclosure
relates to a comprehensive recommender system that
facilitates ad-hoc, dynamic model composition to recom-
mend one or more items.

Related Art

[0002] An important aspect of an individual’s decision-
making process is the acceptance of recommendations
from reliable sources. In decades past, such recommen-
dations were generated and received by way of word of
mouth, consumer surveys, or reviews in newspapers,
magazines, or on the Internet. As technology has ad-
vanced drastically, so have the methods for receiving
recommendations. Today, a major provider of recom-
mendations is the computer-based "recommender sys-
tem" which generates a recommendation after a user
submits a query indicating the type of recommendation,
such as a person, place, object, abstract idea, etc., that
he is interested in.
[0003] A recommender system provides a user with
personalized suggestions that facilitate his decision mak-
ing. These individualized recommendations allow the us-
er to rely on the recommender system when performing
a wide variety of tasks, from purchasing a book, to renting
a movie, and even to choosing a school.

SUMMARY

[0004] One embodiment of the present invention pro-
vides recommender system for generating a recommen-
dation of an item by combining a set of utility models
adaptively to facilitate a decision-making process. The
system includes a utility model database containing the
set of utility models and a query module for receiving at
least one query about the item from a querying entity.
The system also includes a rule engine to specify a sub-
set of utility models to be applied to the item and to specify
a weight function of the specified utility models. Further
included in the system is a set generator coupled to the
utility model database, the query module, and the rule
engine. The set generator computes a set of ratings by
applying each of the utility model in the subset to the item
and generates an overall rating for the item based on the
weight function. The system further a communication
module to return the overall rating.
[0005] In a variation of this embodiment, the rule en-
gine includes a user context module to receive contextual
and/or preferential information associated with the que-
rying entity.
[0006] In a further variation the contextual information

includes at least one of: a current time of day; a current
weather condition; a location associated with the query-
ing entity; a movement associated with the querying en-
tity; a calendar entry reflecting a user’s past, current,
and/or future schedule; a set of messaging data com-
prised of text extracted from, among others, emails
and/or instant messages, where one or more users dis-
cuss interests and/or plans; and a reading history which
involves content extracted from web pages or other
sources a user has accessed, which content reflects the
user’s interests and/or tastes.
[0007] In a variation of this embodiment, the rule en-
gine selects the subset of utility models based on the
contextual and/or preferential information received by the
user context module.
[0008] In a variation of this embodiment, the rule en-
gine associates a decision made by the querying entity
with the weight function to adjust the weight function
adaptively.
[0009] In a variation of this embodiment, the weight
function of the specified utility models is constructed by
employing a heuristic approach.
[0010] In a variation of this embodiment, the weight
function of the specified utility models is constructed by
employing a statistical approach.

BRIEF DESCRIPTION OF THE FIGURES

[0011] FIG.1 illustrates an architecture diagram of a
conventional single-model recommender system.
[0012] FIG. 2 illustrates an exemplary architecture for
a recommender system that facilitates ad-hoc, dynamic
model composition in accordance with one embodiment
of the present invention.
[0013] FIG. 3 presents a flow diagram illustrating an
exemplary process of computing ratings for an item
based on utility models in accordance with one embod-
iment of the present invention.
[0014] FIG. 4 presents a flow diagram illustrating an
exemplary sequence of operations of a rule engine and
a set generator in accordance with one embodiment of
the present invention.
[0015] FIG. 5 illustrates an exemplary computer-based
recommender system that facilitates ad-hoc, dynamic
model composition in accordance with one embodiment
of the present invention.

DETAILED DESCRIPTION

[0016] The following description is presented to enable
any person skilled in the art to make and use the inven-
tion, and is provided in the context of a particular appli-
cation and its requirements. Various modifications to the
disclosed embodiments will be readily apparent to those
skilled in the art, and the general principles defined herein
may be applied to other embodiments and applications
without departing from the spirit and scope of the present
invention. Thus, the present invention is not limited to the
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embodiments shown, but is to be accorded the widest
scope consistent with the claims.
[0017] The data structures and code described in this
detailed description are typically stored on a computer-
readable storage medium, which may be any device or
medium that can store code and/or data for use by a
computer system. This includes, but is not limited to, vol-
atile memory, non-volatile memory, magnetic and optical
storage devices such as disk drives, magnetic tape, CDs
(compact discs), DVDs (digital versatile discs or digital
video discs), Application-Specific Integrated Circuits
(ASICs), Field Programmable Gate Arrays (FPGAs), or
other media capable of storing computer readable media
now known or later developed.

Overview

[0018] In most recommender systems, a recommen-
dation is typically based on the ratings of items in one
particular aspect according to a user’s input and feed-
back. In other words, conventional recommender sys-
tems only use one utility model to compute the ratings of
items. A utility model, also referred to as a "model" in this
description, is a model which can be applied to an item
to generate a utility value, or rating, for that item, which
can then be used to make recommendations. A common-
ly used utility model is "collaborative filtering," where sta-
tistical techniques such as "nearest-neighbor computa-
tion" are used to group users and items into similar pro-
filed groups. Given a user and an item he has not rated,
the recommender system uses the similarity model to
predict a score for the item. The highest scored items are
then recommended to the user.
[0019] Most, if not all, conventional recommender sys-
tems rely only on one utility model. In the case of collab-
orative filtering, prior improvements focused primarily on
how to improve the computational accuracy of the simi-
larity metric. Ontology is often used to group items into
classes of a hierarchical structure. The rating of an item
in a higher-level class can be used to infer the rating of
a subclass when it cannot be determined directly due to
insufficient information. If, for example, there is not
enough information to rate how much a querying user
would like Thai food, the recommender system can use
information about the querying user and other users’ ex-
periences with Asian restaurants instead. However, al-
though the accuracy of the collaborative filter model has
been increasing, most recommender systems still rely
exclusively on only one model.
[0020] FIG.1 illustrates an architecture diagram of a
conventional single-model recommender system. A con-
ventional recommender system includes a utility model
120 and a rating database 130.
[0021] During operation, the system receives an un-
rated item 110. The system then applies utility model 120
to unrated item 110 based on information stored in ratings
database 130. For example, utility model 120 can be a
collaborative filter model, and ratings database 130 can

store information about similar items as well as user-pro-
filing information. Based on the item 110, utility model
120, and information from ratings database 130, the sys-
tem can compute a predicted rating 140 for the item.

Recommender System with Ad-hoc, Dynamic Model 
Composition

[0022] Embodiments of the present invention provide
a comprehensive recommender system that utilizes
more than one utility model to compute the ratings of
items. This recommender system includes a utility model
database containing a set of utility models which can be
dynamically updated according to the need of a querying
entity, which can be a user or another computer system.
After receiving an item, the recommender system selects
a subset of utility models from the utility model database
on a per-query basis, optionally based on the contextual
and preferential information pertinent to the querying en-
tity. The system further applies a weight function to the
subset of the utility models to compute an overall score
or rating for the item. Contextual information (e.g., spatial
and temporal information) as well as preferential infor-
mation (e.g., taste) are obtained from the querying entity.
As a result, this recommender system is significantly
more flexible and extensible than existing systems. Fur-
thermore, application developers can plug in or remove
models at will. The system can also be adaptable and
evolve over time based on user behavior, a feature not
available in existing systems.
[0023] In one embodiment, the comprehensive recom-
mender system can adaptively adjust the weight of each
utility model in the weight function according to the con-
textual and preferential information about the querying
entity. As a result, the accuracy of the rating is greatly
improved. In addition, the recommender system retains
the information about the user’s behavior after the rec-
ommendation is made and is thus able to adapt to chang-
es in user behavior to better predict his or her preferences
in the future.
[0024] Note that the system can select an arbitrary
number of models from the model database, and the se-
lection of models can depend on the type of item to be
rated, and/or characteristics of the querying entity. The
selection of models can be performed in an ad-hoc or
dynamic fashion, depending on inputs from the user
and/or inputs from other modules of the system. The way
models are combined can be specified in a set of rules,
or can be inferred from the current user’s context. It is
also possible that the system can learn over time which
models are more appropriate for which user in a given
context.
[0025] FIG. 2 illustrates an exemplary architecture for
a recommender system that facilitates ad-hoc, dynamic
model composition in accordance with one embodiment
of the present invention. A recommender system 200
comprises a query module 210, a user context module
220, a rule engine 230, a set generator 240, a utility model
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database 260, and a communication module 280.
[0026] After query module 210 receives an unrated
item, rule engine 230 can dynamically select a subset of
utility models from utility model database 260 based on
information obtained from user context module 220. In
one embodiment, user context module 220 can obtain a
variety of user context information, such as the current
time, weather condition, the user’s location, the user’s
movements, a calendar entry reflecting a user’s past, cur-
rent, and/or future schedule; a set of messaging data
comprised of text extracted from, among others, emails
and/or instant messages, where one or more users dis-
cuss interests and/or plans; and a reading history which
involves content extracted from web pages or other
sources a user has accessed, which content reflects the
user’s interests and/or tastes. Other environmental, so-
cial, and behavioral parameters can also be included in
the user context information.
[0027] Rule engine 230 generates a weight function of
the subset of utility models which is used to compute the
ratings of items in that particular category. In one em-
bodiment, the weight of each utility model can be dynam-
ically determined based on contextual and preferential
information obtained from user context module 220. Note
that the preferential information can be associated with
any aspect of an item type. For example, it could be a
film genre, a type of books, a type of cuisine, a music
genre, and so on.
[0028] Utility model database 260 contains a set of util-
ity models 262-268. Each utility model can be applied to
an item in order to rate that item. For example, in order
to decide which book a bookstore should recommend to
a user, a collaborative filtering model collects information
about the user, fits the user to a group profile, and rec-
ommend the books also purchased by other members
of the same profile group. By using statistical information
of the books and users dynamically collected in the past,
the collaborative filtering model computes the ratings of
books and recommends a set of books with the highest
rating to the querying user. Aside from collaborative fil-
tering, other utility models can also be included in the
utility model database. Such models include, but are not
limited to, user preference models which indicate a user’s
preferences, user contextual-information models which
account for environmental parameters associated with a
user, or any explicit of implicit models that take into con-
sideration information associated with or provided by the
user. Note that, as shown in FIG. 2, each utility model
may also include an associated database which stores
pertinent data to be used by the respective model.
[0029] Set generator 220 selects a set of utility models
and the associated databases associated. For example,
a rating database can be associated with a collaborative
filtering model, while a cost function database can be
associated with a user preference model. In addition, a
content preference database can be associated with a
content-preference utility model which evaluates an
item’s rating based on contents of a user’s past behav-

iors, such as web-search or email keywords.
[0030] Set generator 220 generates the weighted rat-
ings for an item by employing a predetermined formula
using the weight function specified by rule engine 230.
Subsequently, communication module 280 returns the
predicated rating for the item.
[0031] FIG. 3 presents a flow diagram illustrating an
exemplary process of computing ratings for an item
based on utility models in accordance with one embod-
iment of the present invention. During operation, a query
module receives a query about an unrated item (opera-
tion 310). A rule engine then checks with the user context
module and retrieves contextual and/or user preferential
information about the querying entity (operation 320). Af-
ter the retrieval of such information, the rule engine se-
lects a subset of utility models from a utility model data-
base and constructs a weight function of the selected
utility models (operation 330). In one embodiment, the
selection of the subset of utility models as well as the
weight function of the selected utility models are dynam-
ically determined based on the contextual and preferen-
tial information retrieved from the user context module
on a per-query basis.
[0032] In addition, the rule engine can learn over time
which utility models are most appropriate for a user in a
given context by observing a user’s actual selection of
the recommended items. By associating the decision
made by a user with the weight function used to generate
the ratings, the learning mechanism of the rule engine
can adjust the weight of each utility model dynamically.
[0033] In operation 340, the set generator computes
an overall rating for the item by applying the weight func-
tion specified by the rule engine. A predetermined set of
rules determines how the subset of models can be com-
bined. A response containing the items with the highest
rating is returned to the querying entity via a communi-
cation module in operation 350.
[0034] FIG. 4 presents a flow diagram illustrating an
exemplary sequence of operations of a rule engine and
a set generator in accordance with one embodiment of
the present invention. During operation, the rule engine
could be configured to select a specific subset of utility
models to construct a weight function according to the
type of the item indicated in the query. It could also em-
ploy statistical methods or heuristics to select the con-
stituents of a weight function using the contextual and
preferential information about the querying entity (oper-
ation 410). In one embodiment, the rule engine can use
a Bayesian network or logistic regression to construct
the weight function.
[0035] In one embodiment, the rule engine observes
the behaviors of the user and selects the constituents of
a weight function adaptively. For example, the user can
submit a query for a suggestion on an activity for a par-
ticular occasion. Based on the information about the oc-
casion, the rule engine selects two utility models - a col-
laborative filtering model and a soft query model. The
collaborative filtering model computes the ratings of dif-
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ferent activities by taking the preferences of a group of
people while the soft query model computes the ratings
of different activities based on the preferences provided
by the user.
[0036] In operation 420, the rule engine determines
the weight of each utility model by using contextual in-
formation associated with the query. For example, if the
query is related to an activity for a group of people, the
rule engine can assign a higher weight to the collabora-
tive filtering model. If, however, the query is related to an
activity for an individual, the rule engine can assign a
higher weight to the soft query model.
[0037] In operation 430, the weight function of the two
utility models is constructed using a machine learning
mechanism, which extracts information from data auto-
matically by computational and statistical methods. The
set generator generates the different ratings for an item
using the selected utility models separately. Subsequent-
ly, a weighted rating is computed by combining the ratings
corresponding to each utility model.
[0038] FIG. 5 illustrates an exemplary computer-based
recommender system that facilitates ad-hoc, dynamic
model composition in accordance with one embodiment
of the present invention. A computer and communication
system 500 includes a processor 510, a memory 520, a
storage device 530, and a communication module 540.
Storage device 530 stores applications, including a query
module 532, a rule engine 532 which containing a user
context module 536, a set generator 538, and a utility
model database 540. During operation, all applications
except utility model database 540 are loaded from stor-
age device 530 into memory 520 and then executed by
processor 510. While executing the applications, proc-
essor 510 performs one or more functions described
above.

Claims

1. A recommender system for generating a recommen-
dation of an item by combining a set of utility models
adaptively to facilitate a decision-making process,
the system comprising:

a utility model database containing the set of
utility models;
a query module for receiving at least one query
about the item from a querying entity;
a rule engine to specify a subset of utility models
to be applied to the item and to specify a weight
function of the specified utility models;
a set generator coupled to the utility model da-
tabase, the query module, and the rule engine
to compute a set of ratings by applying each of
the utility model in the subset to the item and to
generate an overall rating for the item based on
the weight function; and
a communication module to return the overall

rating.

2. The recommender system of claim 1, wherein the
rule engine includes a user context module to receive
contextual and/or preferential information associat-
ed with the querying entity.

3. The recommender system of claim 2, wherein the
contextual information includes at least one of:

a current time of day;
a current weather condition;
a location associated with the querying entity;
a movement associated with the querying entity;
a calendar entry reflecting a user’s past, current,
and/or future schedule;
a set of messaging data comprised of text ex-
tracted from, among others, emails and/or in-
stant messages, where one or more users dis-
cuss interests and/or plans; and
a reading history which involves content extract-
ed from web pages or other sources a user has
accessed, which content reflects the user’s in-
terests and/or tastes.

4. The recommender system of claim 1, wherein the
rule engine selects the subset of utility models based
on the contextual and/or preferential information re-
ceived by the user context module.

5. The recommender system of any of the preceding
claims, wherein the rule engine associates a deci-
sion made by the querying entity with the weight func-
tion to adjust the weight function adaptively.

6. The recommender system of any of the preceding
claims, wherein the weight function of the specified
utility models is constructed by employing a heuristic
approach.

7. The recommender system of any of claims 1 to 5,,
wherein the weight function of the specified utility
models is constructed by employing a statistical ap-
proach.

8. A method for generating a recommendation of an
item by combining a set of utility models adaptively
to facilitate a decision-making process, the method
comprising:

maintaining the set of utility models;
receiving at least one query about the item from
a querying entity;
specifying a subset of utility models to be applied
to the item;
specifying a weight function of the specified util-
ity models;
computing a set of ratings by applying each of
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the utility model in the subset to the item;
generating an overall rating for the item based
on the weight function; and returning the overall
rating.

9. The method of claim 8, further comprising receiving
contextual and/or preferential information associat-
ed with the querying entity.

10. The method of claim 9, wherein the contextual infor-
mation includes at least one of:

a current time of day;
a current weather condition;
a location associated with the querying entity;
a movement associated with the querying entity;
a calendar entry reflecting a user’s past, current,
and/or future schedule;
a set of messaging data comprised of text ex-
tracted from, among others, emails and/or in-
stant messages, where one or more users dis-
cuss interests and/or plans; and
a reading history which involves content extract-
ed from web pages or other sources a user has
accessed, which content reflects the user’s in-
terests and/or tastes.

11. The method of claim 8,
wherein specifying the subset of utility models com-
prises selecting the utility models based on the con-
textual and/or preferential information received by
the user context module..

12. The method of any of claims 8 to 11, further com-
prising associating a decision made by the querying
entity with the weight function to adjust the weight
function adaptively.

13. The method of any of claims 8 to 12,, further com-
prising employing a heuristic approach to construct
the weight function.

14. The method of any of claims 8 to 12, further com-
prising employing a statistical approach to construct
the weight function.

15. A computer readable storage medium storing in-
structions which when executed by a computer
cause the computer to perform a method for gener-
ating a recommendation of an item by combining a
set of utility models adaptively to facilitate a decision-
making process according to any of claims 8 to 14.
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